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a b s t r a c t
The performances of seven spectral vegetation indices (SVIs) were investigated for their sensitivity to a
varying range of LAI. The evaluation was carried out for a dataset collected using SPOT 5 HRG 10 m imag-
ery and simulated spectra using PROSPECT + SAIL reﬂectance models with varying soil reﬂectance back-
grounds. The aim was to evaluate the applicability of multiple SVIs for LAI mapping based on the
sensitivity analysis. The main sensitivity function was the ﬁrst derivative of the regression function
divided by the standard errors of the SVIs. In addition, the sensitivity of individual band and SVI with
LAI was carried out using the ordinary least squares regressions. A new SVI, reduced infrared simple ratio
(RISR) was developed based on an empirical red modiﬁcation to infrared simple ratio (ISR) SVI. The new
SVI was demonstrated which has signiﬁcantly reduced the effect of soil background reﬂectance while
maintaining high sensitivity to a wide range of LAI.
 2012 International Society for Photogrammetry and Remote Sensing, Inc. (ISPRS). Published by Elsevier
B.V. All rights reserved.
1. Introduction
Ecosystem process and biogeochemical cycling models are evi-
dently run in a spatially explicit mode, requiring as model drivers
multi-scale and multi-date biogeophysical parameters such as leaf
area index (LAI), which are derived mainly from satellite imagery
(Running et al., 1999). LAI is deﬁned as one half the total leaf area
per unit ground surface area projected on the local horizontal
datum (Gonsamo and Pellikka, 2008). Estimation of continuous
variables like LAI from high-resolution imagery such as SPOT or
Landsat satellite series has largely depended on developing empir-
ical relationships derived from a single spectral vegetation index
(SVI) based on red and near-infrared (NIR) reﬂectance (Cohen
et al., 2003). SVIs are important but utilize only a fraction of the
spectral information available in many spectral bands. Cohen et al.
(2003) demonstrated an improved strategy for mapping LAI using
SVIs derived from multiple dates. The use of multiple date optical
remote sensing is often limited by the lack of appropriate multi-
temporal observations. The cost of the existing satellite imagery
such as SPOTHigh Resolution Geometric (HRG) is considerably high
making multiple date imagery difﬁcult to use. Moreover, multiple
date relationships are hampered by speciﬁc SVI–LAI relationships
whichmay only be appropriate for the time duringwhich theywere
generated at a given phenological state of the plants.
Empirical models are easy to use and important tools for relating
ﬁeld measured LAI to remote sensing data. Regression analysis has
been a popular empirical method of linking ﬁeld measured biogeo-
physical parameters to remote sensing data to provide continuous
estimates for variables such as biomass, percentwoody canopy cov-
er, and LAI. Traditional methods of regression result in insufﬁcient
accuracy when resulting biogeophysical surfaces derived from
remote sensing are subsequently used for ecosystem process mod-
els (Cohen et al., 2003). To this regard, a large number of SVIs have
been developed and used in remote sensing. This indicates the com-
pelling reasons for utilizing greater spectral dimensionality, and for
includingmultiple SVIs frommultiple spectral bands in a regression
analysis.
High reﬂectance and transmittance of leaves particularly broad-
leaves in the NIR spectral regions can cause strongmultiple scatter-
ing. This multiple scattering increases rapidly as LAI increases from
zero. In such cases, the reﬂectance in one or several directions can be
insensitive to various parameter values, e.g., LAI. Therefore, SVIs are
known to saturate at fairly low LAI values of about 2–3 (Chen et al.,
2002). This saturation effect limits the usefulness of optical remote
sensing for biogeophysical parametermapping formature forests as
their LAI values are generally larger than 2, even in the boreal envi-
ronment and temperate broadleaved forests. In such cases, more
information must be provided to the algorithm to localize the solu-
tion. To this effect, some studies have employed sensitivity analysis
of SVI to LAI as a function of LAI, e.g., Baret and Guyot (1991) devel-
oped the relative equivalent noise (REN); Huete et al. (1994)
employed the vegetation equivalent noise (VEN) to represent noise
in SVI; Becker and Choudhury (1988) developed the relative
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sensitivity (R) based on the regression function of two rescaled SVIs;
Gitelson (2004) proposed another relative sensitivity; and more
recently Ji and Peters (2007) demonstrated new sensitivity function.
The sensitivity function as a function of biogeophysical parameters
are required at each observation because the goodness-of-ﬁt mea-
sures such as the coefﬁcient of determination (R2) and root mean
squared error (RMSE) are only useful for indicating the general sen-
sitivity of the SVI. The R2 of a non-linear regression model, com-
monly called pseudo-R2, can not be interpreted as the proportion
of variability explained by themodel and can vary greatly from each
other within the samemodel (Schabenberger and Pierce, 2002). The
sensitivity of an SVI to a biogeophysical parameter is not a constant
value, but is a function of the biogeophysical parameter. However,
to this date, there is no convergence of methods aiming at mapping
LAI based on the sensitivity functions. These and the saturation
problems associated with SVI–LAI relationships require a cascade
of methodologies to be developed in order to formulate robust
approaches. Several statistical approaches have been appeared in
literature although they are rarely exploited in the remote sensing
domain. Therefore, the objectives of this study are: (i) assessment
of the variability in SVI–LAI relationships across LAI ranges using
sensitivity function and goodness-of-ﬁt tests, and (ii) development
of amethod for selecting appropriatemultiple SVIs for retrieving LAI
from remote sensing data based on the theoretical and best-ﬁt
SVI–LAI relationships.
2. Methodology
2.1. Study area
The study site is located in the Great Lakes – St. Lawrence forest
in Southern Quebec, Canada. It is part of the Gatineau Park, which
is managed by the National Capital Commission (NCC) of Canada
and centered at 4530´N, 7552´W. The park is about 10 km by
50 km and is mostly temperate hardwood forest with a dominant
overstory of sugar maple (Acer saccharum Marsh.) and small
patches dominated by American beech (Fagus grandifolia Ehrh.),
trembling aspen (Populus tremuloidesMichx.), and red oak (Quercus
rubra L.). Small numbers of red maple (Acer rubrum L.), American
basswood (Tilia americana L.), ironwood (Ostrya virginiana (Mill.)
K. Koch), white ash (Fraxinus americana L.), black ash (Fraxinus
nigra Marsh.), white birch (Betula papyrifera Marsh.), and black
cherry (Prunus serotina Ehrh.) are also present. The study plots
were located in the southern portion of the park (Fig. 1). They have
been part of long-term research on monitoring forest damage,
structure, health and succession following the ice storm of 1998
(Pellikka et al., 2000; Gonsamo et al., 2011).
2.2. Ground-based LAI measurements
We established 20 m by 20 m plots in the Gatineau Park (num-
ber of plots, n = 61) along two north-south oriented transects
(Fig. 1). Both transects were established in 1998 and were sites
of previous studies for the ice storm damage (Pellikka et al.,
2000). A subset (n = 54) of previously inventoried forest plots that
could be easily found in 2007 were selected for LAI measurements.
Plot corners were surveyed using differential Global Positioning
System (GPS) to provide positional accuracy on the order of <1 m.
The ground LAI measurements were collected using digital
hemispherical photography during the peak of the growing season
between August 10th and 20th, 2007. The photographs were ac-
quired using a high resolution (8 mega pixels) Nikon Coolpix
8800 VR digital camera equipped with a ﬁsh-eye Nikon FC-E9 lens
adapter (Nikon Inc., Japan). In total, ﬁve photographs were acquired
in each study plot, one at each corner and one at the center. All pho-
tographic procedures are described in Gonsamo et al. (2011). LAI
was computed for the range of 0–60 view zenith angle to reduce
the growing effects of mixed pixels near the horizon, which result
from light scattering and coarse resolution. All photographs were
analysed using CAN_EYE software (http://www.avignon.inra.fr/
can_eye). Note: for simplicity, the effective LAI, which assumes
random foliage distribution, was used in this study and is hereafter
referred to as LAI. Ground-based LAI ranged from 2.6 to 5.7 along
the two sampling transects of Gatineau Park. The LAI distribution
was close to normal and was centered at around 4 (Fig. 2).
2.3. Remote sensing data
Radiances in digital counts in the green (500–590 nm), red
(610–680 nm), near-infrared (NIR) (780–890 nm) and shortwave-
infrared (SWIR) (1580–1750 nm) wavelength regions were ob-
tained in 10 m resolution acquired on the cloud free day of July
23, 2007, by the SPOT 5 HRG instrument for 60  60 km image
swath. The sun zenith and azimuth angles were 30 and 140
degrees, respectively. The view zenith angle was 20 degrees. The
image was orthorectiﬁed using a three arc seconds digital elevation
model (DEM) obtained from Canadian Digital Elevation Data
(CDED) (http://www.geobase.ca). The source digital data for CDED
at scales of 1:50,000 were extracted from the hypsographic and
hydrographic elements of the National Topographic Data Base
and various scaled positional data acquired from the provinces
and territories. The geometric correction model was based on the
SPOT XS sensor collinearity equations. The SPOT image was regis-
tered using 139 ground control points from orthorectiﬁed digital
aerial photography and national road network of Canada (http://
www.geobase.ca) into UTM zone 18 with a NAD83 datum. The X
and Y root mean square errors were below 6 m (0.6 pixels).
We used radiative transfer code developed by Vermote et al.
(1997) called 6S (second simulation of the satellite signal in the so-
lar spectrum). 6S ﬁrst produces three atmospheric correction coef-
ﬁcients called a, b, and c. Atmospherically corrected reﬂectance
(acr) is then obtained from the measured at satellite radiance in
Wm2 sr1 lm1 (Lsatk) for band k using the following formulae:
acr ¼ y
1þ cy ð1Þ
where y = aLsatk  b.
We used a standardmiddle latitude summer atmosphericmodel
proposed by 6S code. This was due to the fact that the atmospheric
characteristics data were not available for the time of satellite over-
pass and the effect of the atmospheric correction from a standard
atmospheric model is usually comparable to that obtained from
an in-situmodel. We also used a standard aerosol model (the conti-
nental aerosols model) to deﬁne aerosol type. The AERONET aerosol
optical depth (AOD) data was integrated with spatio-temporal con-
straints that the SPOT scene is located to two nearest AERONET sites
and the measured AOD is computed from the closest satellite over-
pass time. AOD at 550 nmwas then interpolated from AOD 440 nm
and Angstrom exponent a (440–675 nm):
AOD ð550nmÞ ¼ AODð440nmÞ
550nm
440nm
 að440675Þ ð2Þ
2.4. Radiative transfer model simulation at the leaf and canopy levels
with measured soil background data
The combined PROSPECT leaf optical properties model
(Jacquemoud and Baret, 1990) and SAIL turbid medium canopy
bidirectional reﬂectance model (Verhoef, 1984), also referred to
as PROSAIL, were used in order to evaluate the spectral sensitivity
of SVIs to LAI. The canopy reﬂectance was simulated at 1 nm
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intervals for a range of plausible input parameters and convolved
with the spectral response functions of the three bands of SPOT
corresponding to red, NIR and SWIR. PROSPECT uses the following
input parameters: chlorophyll a and b content (Cab, lg cm2), dry
biomass content (Cm, g cm2), equivalent leaf water content
(Cw, g cm2), and mesophyll structure parameter (N); and SAIL
uses: LAI, leaf angle distribution (LAD), soil reﬂectance (Rs) and
external parameters like view, Sun zenith (hv, hs) and azimuth
(uv, us) angles. For this analysis, the ranges of the LAI inputs
were 0.25–9 by increment of 0.25, and 12, the latter to represent
the largest LAI value. Three different soil backgrounds ranging
from dark to bright were speciﬁed from Bowker et al. (1985)
and were used to evaluate the sensitivity of SVI–LAI relationships
for varying soil spectra. The other input parameters were kept
constant: N = 1.55, Cab = 34.24, Cw = 0.0137, Cm = 0.0045, spherical
leaf angle distribution (LAD), hv = 0, hs = 30, uv = 0, and us = 0.
Since we evaluate a newly developed SVI for LAI mapping, and
the other SVIs considered here are developed from broadband
spectra for vegetation structural parameter retrieval, we have re-
stricted all biochemical inputs to constant values. Therefore, all
the sensitivity analysis in this study focuses on the SVI sensitivity
along the LAI gradients on various background reﬂectance
conditions.
2.5. Spectral vegetation indices (SVIs)
We calculated seven SVIs from the surface reﬂectance using
the red (XS2), near-infrared (XS3), and short-wave infrared
(XS4) SPOT HRG bands and simulated datasets. The formulae for
these indices are illustrated in Table 1. We selected SVIs based
on the extensive use, performance and sensitivity to LAI on high
vegetation cover. The other criterion was the sensitivity of the
SVIs to the effect of undergrowth. Ratio based SVIs are often pre-
ferred to others, such as soil based indices, as the soil spectral
characteristics needed to establish the soil line are often unavail-
able or are inﬂuenced by soil variability. Maximum and minimum
of band XS2 and XS4 were computed from forest and open areas,
but no water or wet areas for the SPOT data. For simulated data,
maximum and minimum of red and SWIR bands were obtained
from largest LAI (=12) and soil spectra, respectively for each soil
background separately.
As shown in Fig. 3, all SVIs considered in this study are assumed
to contain additional information. Except the paired relationships
of NDVI-SR and NDII-ISR, there are considerable differences of all
SVIs computed for the ground plots. It has long been recognized
that inclusion of a SWIR band in SVIs based on visible and NIR
reﬂectance can provide useful complementary information on the
geometrical structure of the canopy, on the optical properties of
the underlying soil and to adjust canopy closure and background
reﬂectance in the retrieval of LAI (Baret et al., 1988; Brown et al.,
2000). To this end, ISR is extended by correcting by scaled differ-
ence of red reﬂectance and named reduced infrared simple ratio
(RISR). The new vegetation index, RISR, is assumed to reduce the
soil background effect.
Fig. 1. Location of study area with the general land cover map derived from the same SPOT HRG image used in this study showing the southern portion of Gatineau Park,
long-term forest monitoring transects, and ﬁeld plot locations.
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Fig. 2. Frequency distribution of LAI at Gatineau Park.
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2.6. SVI–LAI sensitivity analysis
A large amount of work has been published on the derivation of
LAI and other biogeophysical parameters from optical remote
sensing data. Most studies rely on empirical approaches based on
the relationships or developing regression models between SVIs
and LAI (e.g., Baret and Guyot, 1991; Chen et al., 2002; Cohen
et al., 2003; Fernandes et al., 2003). Regression models are based
on the experimental relationships between combinations of reﬂec-
tances in different spectral bands and the parameter to be
retrieved. The general applicability of the empirical approaches is
reduced because the SVIs are affected by many factors including
saturation at high forest cover, atmosphere, leaf structure, canopy
geometry, vegetation developmental stage, geometry of observa-
tion, understory vegetation and soil conditions. Studies have dem-
onstrated that different SVIs are sensitive for different range of LAI
values (Becker and Choudhury, 1988; Baret and Guyot, 1991;
Huete et al., 1994; Gitelson, 2004; Ji and Peters, 2007). The sensi-
tivity of SVIs varies along the LAI gradient due to the varying
responses of reﬂectances used to compute the SVIs as a function
of forest biogeophysical parameter. For the objective of this study,
which is to improve the empirical approaches for modeling LAI, we
investigated the use of sensitivity function on performances of
individual SVI aiming to apply multiple SVIs for LAI mapping. Nev-
ertheless, we will compare results from an improved to those
obtained using commonly used regression models.
Ji and Peters (2007) showed how to build a bivariate regression
of linear and nonlinear models using LAI as a predictor or indepen-
dent variable and SVI as a response or dependent variable. The
regression model is expressed as:
SV^I ¼ f ðLAIÞ ð3Þ
The associated estimation error in the above function (3) is rep-
resented by standard error of SV^I indicated as rSV^Ii for ith observa-
tion. The standard error of SV^I, commonly known as standard error
of predicted mean, is expressed as:
rSV^Ii ¼
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
r2X0iðX0XÞ1Xi
q
; for linear model; or
¼
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
r2F 0iðF 0FÞ1Fi
q
; for nonlinear model
ð4Þ
where r2 is the mean squared error of the regression model, X is the
matrix of independent variables, and Xi is the ith row of X, F is the
matrix of derivatives for approximating least squares estimations
and Fi denotes the ith row of F matrix. In the nonlinear model
rSV^Ii is the standard error of SV^Ii approximated as the estimated
asymptotic standard error of the estimate (Ji and Peters, 2007).
We used the SAS System statistical package to compute rSV^Ii . We
applied the performance evaluation of SVI for predicting LAI
Table 1
Summary of seven ratio based spectral vegetation indices used in this analysis.
Index Algorithm Name Reference
SR
XS3
XS2
Simple ratio Jordan (1969)
ISR
XS3
XS4
Infrared simple ratio Fernandes et al. (2003)
NDVI
XS3 XS2
XS3þ XS2
Normalized difference vegetation index Rouse et al. (1974)
NDII
XS3 XS4
XS3þ XS4
Normalized difference infrared index Hardisky et al. (1983)
RSR
XS3
XS2
XS4maxXS4
XS4maxXS4min
Reduced simple ratio Brown et al. (2000)
RNDVI
XS3 XS2
XS3þ XS2
XS4maxXS4
XS4maxXS4min
Reduced normalized difference vegetation Index Nemani et al. (1993)
RISR
XS3
XS4
XS2maxXS2
XS2maxXS2min
Reduced infrared simple ratio This study
XS2 = red reﬂectance, XS3 = near-infrared reﬂectance, XS4 = short-wave infrared reﬂectance.
Fig. 3. Comparison of the seven SVIs from the ground plots (Pearson correlation
coefﬁcient, ⁄⁄p value is <0.01 and ⁄p value is <0.05). The formulations of the indices
are given in Table 1.
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developed by Ji and Peters (2007) by dividing the ﬁrst derivative of
the regression function (SV^I0) by the standard errors of the SVIs
(rSV^I). The ﬁrst derivative of the (3) is expressed as:
SV^I0 ¼ f 0ðLAIÞ ¼ dðSV^IÞ
dðLAIÞ ð5Þ
Therefore, the sensitivity function (S) is described as:
S ¼ SV^I
0
rSV^I
¼ dðSV^IÞ=dðLAIÞ
rSV^I
where the S of ith observation ¼ t; ð6Þ
where t is Student’s t-test statistic. The S value indicates the t-score
where the sensitivity is deﬁned statistically signiﬁcant or not as the
case of Student’s t-test statistic for a given p-value and degree of
freedom. Large positive S values represent a high positive sensitivity
of SVI to LAI. All S values are comparable in magnitude regardless of
the SVIs range and magnitude used to compute the S function.
We evaluated the sensitivity of the seven SVIs to LAI based on
the expected exponential (Fig. 4) and best-ﬁt regression models
using S function. It is well understood that LAI is exponentially re-
lated with fractional vegetation cover and gap fraction (P0) accord-
ing to the theoretical Beer–Lambert law of light transmission
under the forest canopy (Gower and Norman, 1991) and experi-
mental results (Becker and Choudhury, 1988; Baret and Guyot,
1991; Huete et al., 1994; Gitelson, 2004; Ji and Peters, 2007). This
is due to the capacity of canopy leaf area to absorb photosynthet-
ically active radiation, which has an approximately exponential
relationship with LAI. To this regard, we evaluated both exponen-
tial and best-ﬁt regression models between SVIs and LAI.
Besides the S function, we employed segmented and moving
ordinary least squares regression models in order to assess the
sensitivity of SVIs along the LAI gradient. Firstly, we applied a
quantile based ordinary least square regression model for the seg-
mented data (1–10 quantiles). Quantiles are points taken at regular
intervals from the cumulative distribution function (dividing or-
dered data into q essentially equal-sized data subsets) of measured
LAI. SVIs contain only partial spectral information and the sensitiv-
ity to LAI varies to different degrees. The errors and variances are
usually heterogeneous for both SVI and LAI across the gradient of
different forest density or cover (Kalácska et al., 2004). Therefore,
localized regression models such as quantile regressions are the
best choice to address the complexity of interactions between
different factors leading to data with unequal variation of one
variable for different ranges of another variable, e.g., LAI with SVIs.
Secondly, we used a moving window ordinary least squares regres-
sion model with different sizes of windows (2–20 cases/sizes of
moving window) along the LAI gradient. Using the moving window
and segmented regression model, we evaluated the SVI–LAI rela-
tionships based on the average correlation and the highest correla-
tion from the best-ﬁt SVI–LAI relationships.
3. Results and discussion
3.1. SVI–LAI sensitivity from radiative transfer model simulation
The inﬂuence of LAI and soil background on red, NIR and SWIR
reﬂectances is shown in Fig. 5 to evaluate if the soil type variation
behaves in the same manner. Red and SWIR reﬂectances saturate
at fairly low LAI values (LAI < 4) where the soil background effect
diminishes for these two bands. NIR reﬂectance shows clear soil
background effect on all simulated LAI ranges while reﬂectance
increases with increasing LAI (Fig. 5). The soil effect is consistent
for the two most widely used bands for construction of SVIs, red
and NIR whether the soil background is dark, intermediate or
bright (Fig. 5). This is very desirable phenomenon for these two
bands. SWIR reﬂectance on dark soil background increases with
increasing LAI whereas on intermediate soil it stays more or less
the same and on bright soil decreases with increasing LAI
(Fig. 5). Red and NIR reﬂectances have strong physical bases asso-
ciated with the optical thickness of photosynthetic biomass
whereas SWIR reﬂectance is associated with the moisture content
of the landscape or vegetation. And SWIR was proven to compen-
sate for differences in canopy closure and background (mainly
undergrowth effect) reﬂectance if included in SVI for LAI mapping
(Brown et al., 2000). Except that of SWIR reﬂectance on dark and
intermediate soil backgrounds, the results shown in Fig. 5 are in
good agreement with Brown et al. (2000) where they have demon-
strated the sensitivity of the three bands for LAI and background
effect using 4-scale reﬂectance model. The results of SWIR reﬂec-
tance on the dark and intermediate soil background in Fig. 5 imply
Fig. 4. Expected relationship between LAI and NDVI derived from a hypothetical
data. P0 is gap fraction, k is extinction coefﬁcient, and FVC is fractional vegetation
cover. The LAI is derived from the randomly generated P0 data ranging from 0–1
following the inversion of the P0 equation shown inside the ﬁgure: LAI = ln(P0)/k.
For a broadleaved forest, k typically ranges between 0.42 and 0.58. In this ﬁgure, k
was assumed to be 0.5, which is a good approximation for a broadleaved forest and
was proven in the ﬁeld measurement of the same study site (Gonsamo et al., 2011).
Several studies have shown a complement a unit of gap fraction (1  P0) to be
approximately equal to NDVI and FVC (e.g., Baret and Guyot, 1991; Carlson and
Ripley, 1997; Gonsamo, 2010; Gonsamo et al., 2011).
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that the soil has more moisture than the canopy. This can also be
noticed from the negative NDII values in Fig. 6.
As the major aim of this study was to evaluate the usability of
multiple SVIs for mapping LAI, we ﬁrst evaluated how sensitive
the selected indices are towards the confounding effects of varying
soil backgrounds and LAI ranges. Fig. 6 illustrates the effect of soil
background reﬂectance on the SVIs and their sensitivity to the LAI.
Considering both soil effect reduction and sensitivity to LAI, the
newly formulated index (RISR) outperformed all the other indices
(Fig. 6). Both the unreduced normalized difference indices (NDVI
and NDII) show high sensitivity to low LAI (<2) after which they
tend to have asymptotic response to increasing LAI. Most of the
SVIs (RISR, NDVI, NDII, and ISR) ﬁt the curvilinear relationships
with LAI for all soil types which can be approximated with expo-
nential relationships (see Fig. 4). Despite the commonly perceived
LAI–SR exponential relationships, Fig. 6 shows that LAI has sigmoi-
dal relationship to SR and in good agreement with Fernandes et al.
(2003).
The effect of the soil is not statistically signiﬁcant for mean dif-
ferences (2-tailed test, p = 0.05) except for the LAI values obtained
from dark and intermediate soil background from RSR and RNDVI
compared with bright soil background LAI values (Fig. 6). The cor-
rections (reduction) on simple ratio and normalized difference veg-
etation index using SWIR band which resulted in RSR and RNDVI,
respectively, have not reduced the inconsistent soil background
reﬂectance effects demonstrated in Fig. 5. The soil reﬂectance
may not vary as shown in simulated spectra in the natural environ-
ment, nevertheless, using the three bands ratio indices as demon-
strated in Fernandes et al. (2003) and Brown et al. (2000) proven to
be not helpful. The new index (RISR) uses the advantage of the
three bands while reducing the effect of soil and maintaining high
sensitivity to LAI (Fig. 6). RISR can thus be used as an important
photosynthetic biomass indicator particularly in irrigated crops
where soil moisture variation can be cumbersome.
A more detailed quantiﬁcation of relationships between SVIs
and LAI are obtained using a sensitivity function (S). In Table 2
and Fig. 7, the S and parameter estimates are presented which
are computed for calibration dataset for both exponential and
best-ﬁt models after randomly selecting half of simulated data
with the three soil background types. The remaining half is set
aside for application of LAI mapping using best performing SVIs.
From Psuedo-R2 of exponential and best-ﬁt models, RSR and RNDVI
once again conﬁrmed to be poor estimators of LAI, provided that
the soil background has considerable optical variations. This is in
good agreement with the results shown in Figs. 5 and 6. The value
of r (root mean square error (RMSE)) which is only comparable be-
tween the same SVIs, shows that the best-ﬁt model is better than
the expected exponential model (Table 2).
Among the seven SVIs, SR has the highest sensitivity for all LAI
ranges from the exponential model and when LAI is greater than
3.75 from the best-ﬁt model. The new index, RISR has the highest
sensitivity when LAI is less than 3.75 from the best-ﬁt model and
statistically signiﬁcant sensitivity for all ranges of LAI from the
exponential model (Fig. 7). Both the exponential and best-ﬁt sensi-
tivity curves show that the sensitivity of SVIs decreases with LAI at
an exponentially decaying rate. When S is less than 2.01 (essen-
tially the same value with critical value in two-tailed t-test where
p = 0.05 and degree of freedom = 48), the SVIs are deemed to be not
sensitive to LAI. The trend of the sensitivity is very similar for both
exponential and best-ﬁt models when LAI is greater than 3.75.
From the exponential model, SR, RISR, and NDII are statistically sig-
niﬁcant for the entire range of LAI whereas RSR and RNDVI up to
2.75, NDVI up to 5.75 and ISR up to 7.5. From the best-ﬁt model,
SR and NDII are statistically signiﬁcant for entire range of LAI
whereas RNDVI is not signiﬁcant at all, RSR up to 3.5, NDVI up to
4.25, and IRS up to 6.5. Subsequently, we applied the best
performing SVIs functions from both exponential and best-ﬁt
models for LAI mapping on the validation dataset.
Fig. 8 presents the results of applied LAI mapping using SR from
exponential model using RISR for LAI 6 3.5 and SR for the remain-
ing LAI values from best-ﬁt models. The results indicated that the
correlations between the true and the estimated LAI are strong.
Best-ﬁt model resulted in relatively better correlation (Fig. 8). Both
models gave good results with average error of less than 10%
indicating that such kind of LAI mapping using the S sensitivity
function is feasible.
3.2. SVI–LAI sensitivity from measured remote sensing and ground LAI
data
As in the case of simulated dataset, we ﬁrst evaluated the rela-
tionships between the three bands of SPOT HRG reﬂectances and
the measured LAI (Fig. 9). There were no correlations between
LAI vs. XS2 and LAI vs. XS3. XS4 has shown weak but statistically
signiﬁcant correlation with LAI (p < 0.05). The predictive ability
of these relations is limited to LAI mapping because of the signal
saturation for higher LAI values. Both the ground-based measure-
ments and the SPOT image were acquired from the peak of the
growing season in which all the ground-based LAI values (Fig. 2)
are above the commonly reported saturation level (e.g., optical re-
mote sensing signals saturate at LAI values of 2–3 in Canadian ma-
ture deciduous forests, Chen et al., 2002).
Table 3 presets the detailed parameter estimates for both the
exponential and the best-ﬁt models from the real datasets. From
Psuedo-R2 of exponential and best-ﬁt models, RSR and RNDVI were
once again conﬁrmed to be poor estimators of LAI. This is in good
agreement with the results shown in Figs. 5–7 from the simulated
spectra. The value of r shows that once again the best-ﬁt model is
better than the expected exponential model (Table 3).
Fig. 10 shows the sensitivity analysis between SVIs and LAI
using exponential and best-ﬁt models given in Table 3. The SVI–
LAI sensitivity analysis based on the S function revealed that there
is a strong sensitivity of SVIs to LAI, particularly using the exponen-
tial model. Using the exponential model, ISR performed best while
NDVI and NDII gave comparable results (Fig. 10 (a)). All the SVIs
were found to be statistically sensitive to LAI using the exponential
model while the sensitivity decayed with exponential rate with
increasing LAI (Fig. 10 (a)). For both exponential and best-ﬁt mod-
els, when S is greater than 2.0057 (essentially the same value with
critical value in two-tailed t-test where p = 0.05 and degree of free-
dom = 53), the SVIs are deemed to be sensitive to LAI or visa versa
otherwise. In this study, all the SVIs are positively correlated with
LAI.
From the best-ﬁt model, SR and RSR did not show any sensitiv-
ity to the entire range of LAI even though smaller RMSE was ob-
tained compared to exponential model. This might explain why
the sensitivity assessment using the S function is not necessarily
comparable with the overall ﬁtness obtained with regression anal-
ysis. We applied the best performing SVIs for LAI mapping based
on ISR for the entire LAI range using the exponential model and
NDVI for LAI up to 5.13 were S function has shown signiﬁcant sen-
sitivity using best-ﬁt model (Table 3 and Fig. 10). When the LAI
measured was compared with LAI predicted using both models,
it did not show statistically signiﬁcant correlation (p > 0.05). This
explains that although the S function gave statistically signiﬁcant
sensitivity, it does not hold true to apply for LAI mapping for the
real dataset used in this study as opposed to the simulated dataset
demonstrated in Section 3.1.
There are several possible reasons for poor performance of the S
function on the real dataset. The ground measurements lack the
large dynamic range of LAI required for such kind of sensitivity
analysis. As most of the ground LAI values are already in the
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saturation domain of the optical remote sensing data, the combined
inﬂuence of any possible errors such as atmospheric interference,
tree self shadowing, and plant clumping, to mention few, may be
larger than the reﬂectance response at such high LAI values. The
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Fig. 6. Simulated results of the effect of different soil backgrounds and LAI ranges on the SR, RSR, RNDVI, RISR, NDVI, NDII, and ISR. The formulations of the indices are given in
Table 1.
Table 2
The parameter estimate of exponential and best-models of calibration simulated spectra.
SVI Exponential model SVI = b1ln(LAI) Best-ﬁt model
b1 r P > F Pseudo-R2 Model r P > F Pseudo-R2
SR 14.61 2.74 <0.0001 0.988 5.278 + 11.689ln(LAI) 1.713 <0.0001 0.956
RSR 6.10 11.22 <0.0001 0.452 7.0016e0.0659LAI 11.176 <0.0001 0.024
RNDVI 0.22 0.44 <0.0001 0.410 0.59e0.0637LAI 0.378 <0.0001 0.034
RISR 1.34 0.36 <0.0001 0.974 0.866 + 0.86ln(LAI) 0.089 <0.0001 0.977
NDVI 0.51 0.29 <0.0001 0.896 0.707 + 0.1215ln(LAI) 0.045 <0.0001 0.769
NDII 0.23 0.05 <0.0001 0.980 0.1189 + 0.163ln(LAI) 0.026 <0.0001 0.949
ISR 1.35 0.50 <0.0001 0.954 1.1999 + 0.683ln(LAI) 0.092 <0.0001 0.962
r = root mean square error (RMSE). The formulations of the indices are given in Table 1.
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ground-based LAI is measured at 1.3 m above ground level as such
the understory vegetation below that will not be included in the
measured LAI. Whereas, the remote sensing data is acquired top-
down for which both the visible understory and overstory contrib-
ute to the measured reﬂectance. The aforementioned reasons also
explain the diverging sensitivity results of the real and simulated
data. The simulated data is not affected as such by various external
factors discussed above as real data. Therefore, further study is
needed to test the applicability of the sensitivity based LAI estima-
tion from multiple SVIs and the new SVI (RISR).
We further analysed the SVI–LAI relationships based on the
localized classical regression in order to evaluate the results
obtained from the S function with the real data. Fig. 11 (a) and (b)
show the R2 obtained for each segments after dividing the data into
10 quantiles and the average R2 for varying quantile divisions,
respectively. The result indicates that the sensitivity using classical
regression for data sets divided into 10 subsets is considerably dif-
ferent than what was obtained using the S function (Fig. 11 (a)).
Fig. 11 (a) shows very low R2 for the data segments around four
which is the mean value of the ground based LAI measurements
where most of the ground-based values occur (Fig. 2). In both
Fig. 11 (a) and (b), RSR and RNDVI which performed poorly for both
simulated and the real data using S function have shown relatively
good correlation using the segmented regression analysis. In Fig. 11
(b) and (c), the ‘1’ number of quantiles on X axis shows the R2 of the
entire dataset.
When the number of quantile divisions increases, both the aver-
age and the maximum R2 of each SVI and best performing SVIs,
respectively increase (Fig. 11 (a) and (b)). The moving window
analysis also shows the increase of R2 when the amounts of data
points are decreased (Fig. 11 (d)). In both Fig. 11 (c) and (d), the cri-
teria used for best performing SVI selection included the R2 and the
p-value for individual model terms. Generally speaking, both seg-
mented and moving average regressions show how sensitive the
SVIs are at varying ranges of LAI using linear correlation term.
However, the results are very speciﬁc for this dataset due to the
Fig. 7. Sensitivity analysis using S function for the seven spectral vegetation indices and simulated true LAI from calibration dataset of simulated spectra. (a) Sensitivity
function (S) for the exponential, and (b) the best-ﬁt models. The sensitivity of a spectral vegetation index to LAI is signiﬁcant when S > 2.01. The formulations of the indices are
given in Table 1.
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limited range of the ground based LAI measurements although
they are normally distributed (Fig. 2).
By and large, there are compelling reasons to use several SVIs
for LAI mapping for various ranges of photosynthetic biomass den-
sity and fractional vegetation cover. For example, Carlson and
Ripley (1997) and Verstraete and Pinty (1991) described that the
variation of NDVI with respect to the LAI in partially vegetated
areas would be mostly controlled by the variation in the fraction
of vegetated surface area illuminated by the sun and visible to
the radiometer than by changes in the optical thickness of cano-
pies. The decrease of NIR at low LAI is usually attributed to an in-
crease in the probability of observing shadowed background. At
low LAI and nadir view, tree shadows tend to fall on the back-
ground rather than on neighbouring trees, therefore decreasing
the amount of the reﬂective sunlit background visible which is
not intrinsically related with the optical property of vegetation.
An increasing NIR canopy reﬂectance at larger LAI and canopy cov-
er is attributed to more sunlit and shaded canopy contributing to
the canopy reﬂectance. Likewise, as the LAI and canopy closure in-
crease, the red reﬂectance decreases as less of the reﬂective sunlit
background is observed. Fig. 5 shows also the reﬂective property of
SWIR which is not consistent with LAI curves on various soil back-
grounds. These assertions and the drawbacks of using single SVI for
LAI mapping are supported also by Brown et al. (2000) and Nemani
et al. (1993).
RISR, however, overcomes the perturbing effect of the soil
reﬂectance variations on LAI estimation whilst using the advantage
of the three bands and thus recommended for further testing using
new ﬁeld datasets. The main reason for the obtained performance
of RISR compared to the comparable SVI from the three spectral
bands (RSR) is that the SWIR correction of SR resulting in RSR is
strongly inﬂuenced by the SWIR response to the landscape mois-
ture. This response can have contrasting trend as shown in Fig. 5
for various soil moisture contents. On other hand, the red correc-
tion of ISR resulting in RISR is less affected by the soil moisture, be-
cause the red response always show consistent decreasing trend
for increasing LAI and soil moisture (Fig. 5). Since the ISR already
captures the changing LAI consistently, the correction of it using
the red reﬂectance further eliminates the inﬂuence of the soil back-
ground. The applicability of the RISR needs further validation with
more ground measurements representing large dynamic ranges of
LAI and soil background.
Based on the SVI–LAI sensitivity functions, several SVIs can be
used for mapping LAI by scaling back all SVIs to the same level.
Other promising approach is the use of the normalized sensitivity
function which does not require the a priori normalization of SVIs
Table 3
The parameter estimate of exponential and best-ﬁt models of real data.
SVI Exponential model SVI = b1ln(LAI) Best-ﬁt model
b1 r P > F Pseudo-R2 Model r P > F Pseudo-R2
SR 16.68 3.784 <0.0001 0.974 11.34(1 + e0.01LAI) 2.625 <0.0001 0.001
RSR 5.61 1.637 <0.0001 0.959 3.83(1 + e0.01LAI) 1.350 <0.0001 0.000
RNDVI 0.22 0.054 <0.0001 0.971 0.315(1  e-LAI) 0.038 <0.0001 0.000
RISR 1.16 0.199 <0.0001 0.985 1.5312e0.014LAI 0.084 <0.0001 0.028
NDVI 0.66 0.111 <0.0001 0.986 0.937(1  e-LAI) 0.017 <0.0001 0.017
NDII 0.22 0.038 <0.0001 0.986 0.29e0.02LAI 0.000 <0.0001 0.057
ISR 1.37 0.225 <0.0001 0.986 1.8e0.02LAI 0.084 <0.0001 0.057
r = root mean square error (RMSE). The formulations of the indices are given in Table 1.
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to the same scale (Gonsamo, 2011). For operational product, this
can be achieved by evaluating the SVI–LAI relationships for each
land cover to select the SVI which is suitable for that speciﬁc land
cover type. The use of various SVIs for LAI mapping from remotely
sensed optical observations has been successfully applied for
production of GLOBCARBON LAI time series (Deng et al., 2006).
The new SVI and the sensitivity methodologies shown in this study
will be indispensable to further explore the use of multiple SVIs for
LAI mapping in heterogeneous landscapes.
4. Conclusions
In this paper, two datasets are used in order to demonstrate the
use of SVI–LAI sensitivity analysis and subsequently applying for
LAI mapping. Analysis with PROSAIL simulation datasets illustrated
the varying sensitivity of seven SVIs used in this study at various LAI
ranges. The simulated datasets further indicated that several SVIs
can be used for LAI mapping provided that the S function results
are sufﬁciently large enough. It was also further demonstrated that,
even if S is statistically signiﬁcant to show SVI sensitivity to LAI, it
does not necessarily indicate that the relationship obtained from
the S function can be used for LAI mapping. This was the case of
the real dataset in this study where the relationships which
resulted in statistically signiﬁcant S resulted in statistically insignif-
icant relationships when applied for LAI mapping.
One of the most intriguing results is the ability of the newly
developed index called RISR to reduce varying soil background
reﬂectance effect for potential LAI retrieval. Our major objectives
were to test the S function on the simulated dataset and to evaluate
the applicability of the sensitivity assessment for further mapping
the LAI using the real dataset, rather than provide a comprehensive
comparison of SVIs. However, we have also shown the relationships
of each spectral bands, soil effect, and sensitivity assessment using
classical regression functions. Further study is required to apply the
sensitivity analysis aiming at mapping LAI based on remotely
sensed data and a wide range of ground based measurements on
varying soil conditions. Whether the sensitivity functions hold the
same for the datasets obtained from multiple dates is a further
research question to be addressed as well.
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